In this study, our aim was to model forest fire occurrences caused by lightning using the variable of vegetation water content over six fire-dominant forested natural subregions in Northern Alberta, Canada. We used eight-day composites of surface reflectance data at 500-m spatial resolution, along with historical lightning-caused fire occurrences during the 2005-2016 period, derived from a Moderate Resolution Imaging Spectroradiometer. First, we calculated the normalized difference water index (NDWI) as an indicator of vegetation/fuel water content over the six natural subregions of interest. Then, we generated the subregion-specific annual dynamic median NDWI during the 2005-2012 period, which was assembled into a distinct pattern every year. We plotted the historical lightning-caused fires onto the generated patterns, and used the concept of cumulative frequency to model lightning-caused fire occurrences. Then, we applied this concept to model the cumulative frequencies of lightning-caused fires using the median NDWI values in each natural subregion. By finding the best subregion-specific function (i.e., R 2 values over 0.98 for each subregion), we evaluated their performance using an independent subregion-specific lightning-caused fire dataset acquired during the 2013-2016 period. Our analyses revealed strong relationships (i.e., R 2 values in the range of 0.92 to 0.98) between the observed and modeled cumulative frequencies of lightning-caused fires at the natural subregion level throughout the validation years. Finally, our results demonstrate the applicability of the proposed method in modeling lightning-caused fire occurrences over forested regions.
Introduction
Human beings consider forest fires to be critical natural hazards, which damage the ecosystem and impact the economy throughout the world, including in Canada. During the last 25 years, Canada has experienced an average of 8300 fire occurrences that have burnt 2.3 million hectares of forested land every year [1] . Furthermore, Canada spends between $500 million and $1 billion to suppress forest fires every year [1] . In fact, the three most influential factors causing fires are (i) source of ignition (i.e., either lightning strikes or human activities); (ii) fuel condition; and (iii) weather regime [2] . Of the ignition sources, lightning-caused fires are relatively less frequent in Canada, but with higher impact compared to human-caused occurrences. For example, lightning-caused fires constitute~45% of total fires on a national level, but account for~80% of the total burnt area [3, 4] . However, in Canada, the boreal forest occupies a significant proportion of forested land, where lightning-caused fires play a vital role in the natural succession of ecosystem functions [5] . Therefore, it is worthwhile to study lightning-caused forest fire occurrences in Canada to formulate fire management strategies that are better and more effective.
In recent decades, researchers have put significant efforts into studying/modeling lightning-caused fire events. For example, Wotton and Martell [6] modeled lightning-caused fires in Ontario, Canada at 20-km spatial resolution over the 1992-2003 period. They used eight input variables, such as: (i) weather, i.e., relative humidity and wind speed; (ii) fire weather indices, i.e., fine fuel moisture code, duff moisture code, drought code, initial spread index, and head fire intensity; and (iii) probability of sustained ignition, to derive the coefficients for a logistic regression model. However, validation showed a relatively weak relationship (R 2 = 0.44) between the modeled and observed values. In another study conducted over the Daxinganling Mountains of Northeastern China, Chen et al. [7] predicted lightning-caused fire occurrences at 1-km spatial resolution during the 2005-2010 period. In this case, they used several datasets, including: (i) historical fire data, i.e., number of lightning strikes and lightning current intensity; (ii) meteorological data, i.e., rainfall, temperature, relative humidity, and wind speed; (iii) topographical elements, i.e., elevation, slope, and aspect; and (iv) fuel type, i.e., larch forest, Scots pine forests, mixed forest with larch, birch and oak trees, mixed forest with Scots pine, birch and oak trees, and grass. Combining the obtained information at the level of grid cells and using 70% of the historical lightning-caused fires as model training, Chen et al. generated a fire risk map comprised of five classes: very low to very high. They reported that the variables of rainfall, number of lightning strikes, and lightning current intensity were the most significant predictors. Furthermore, for the study conducted over a mountainous area in China, Liu et al. [8] generated a lightning-caused fire risk map with five risk classes at 0.5 • spatial resolution based on: (i) three remote sensing-derived dynamic indices, i.e., temperature condition, vegetation condition, and water condition; and (ii) two static indices, i.e., topography and lightning density during the 2000-2006 period. Overlaying the observed lightning-caused fires during the same time period on the derived fire risk map revealed that~69% of the fires fell under the top three classes, i.e., relatively high, high, and extremely high. In addition, over Alberta, Canada, Cha et al. [9] analyzed the spatial and temporal patterns of lightning strikes based on landscape properties, i.e., elevation, slope, soil type, and land use to generate a lightning hazard map during the 2010-2014 period. Upon analyzing the lightning strikes' temporal distribution, i.e., occurring hours and months, they identified two thematic maps. The first one consisted of 10 classes based on elevation, slope, and soil type map, whereas the second consisted of 15 classes based on land-use map. To find their association with the lightning strikes, they generated a lightning hazard map based on the similarities between those landscape properties at the lightning strike points during the 2010-2014 period. However, at the validation phase, this hazard map captured only 47% of the observed lightning strikes in high-risk areas during the 2015-2016 period. Furthermore, in case of the forested areas in Alberta, Canada, Abdollahi et al. [10] attempted to model the potential spatial pattern of lightning-caused fires at 3-km spatial resolution during the 1961-2000 period. Then, they overlaid the lightning-caused fire spots over the gridded study area map, and generated a static fire danger (SFD) map by considering the lightning-caused fire pixels as high danger locations. Despite taking such a big area around each observed fire spot (i.e., 9 km 2 ), their generated SFD map only captured~38% of the fires when compared to an independent validation dataset during the 2001-2014 period.
In general, the literature suggests that three issues are associated with the study of lightning-caused fires. (i) First, the developed models/maps showed reasonable results during the calibration phase; however, they exhibited poor performance during the model validation phase. This challenge might be related to lightning strike locations being random and highly dependent on atmospheric conditions [11, 12] . (ii) Second, these models require many input variables for development. (iii) Finally, the use of a large cell size affected the retrieval of a distinct spatial pattern for lightning-caused fires. In addition, the vegetation/fuel condition might be useful to predict fire occurrences, as reported by Krawchuk et al. [13] . Therefore, previous studies have suggested that remote sensing indices could be used to delineate vegetation conditions, such as the normalized difference water index (NDWI: a measure of vegetation wetness), and normalized difference vegetation index (NDVI: a measure of vegetation greenness). Between these two indices, the NDWI has been widely used in fire-related studies, such as forest fire vulnerability mapping [14] , fire danger condition [10] , fire risk prediction [15, 16] , fire behavior prediction [17] , post-fire evaluation and vegetation response [18, 19] , and the beginning of the fire season [20, 21] . In addition, it has been applied to the study of vegetation growth stages, such as coniferous needle flushing [22] , understory grass green stage [23] , and deciduous leaf out [24] , which might be associated with fire occurrences. Other studies have employed NDVI to study/model fire occurrences [25, 26] . However, compared to NDVI (calculated using red and near-infrared wavelengths), NDWI (using shortwave and near-infrared wavelengths) might depict the canopy moisture conditions much better [27] . Therefore, the use of NDWI for modeling lightning-caused forest fires deserves further investigation.
Considering the above-mentioned issues, our overall aim was to model lightning-caused fire occurrences using remote sensing-derived NDWI values in 21 natural subregions in the Canadian province of Alberta (Figure 1 ). We established three steps while executing our goal. First, we calculated the median NDWI value over each subregion at an eight-day time-scale for the 2005-2016 period. Second, we created a unique NDWI profile for each subregion using calculated value averages from the first step of the calibration dataset, i.e., 2005-2012. Finally, we modeled lightning-caused fires by plotting the observed fires onto the outcomes of previous steps in the calibration dataset, followed by validation using an independent dataset during the 2013-2016 period. vegetation index (NDVI: a measure of vegetation greenness). Between these two indices, the NDWI has been widely used in fire-related studies, such as forest fire vulnerability mapping [14] , fire danger condition [10] , fire risk prediction [15, 16] , fire behavior prediction [17] , post-fire evaluation and vegetation response [18, 19] , and the beginning of the fire season [20, 21] . In addition, it has been applied to the study of vegetation growth stages, such as coniferous needle flushing [22] , understory grass green stage [23] , and deciduous leaf out [24] , which might be associated with fire occurrences.
Other studies have employed NDVI to study/model fire occurrences [25, 26] . However, compared to NDVI (calculated using red and near-infrared wavelengths), NDWI (using shortwave and near-infrared wavelengths) might depict the canopy moisture conditions much better [27] . Therefore, the use of NDWI for modeling lightning-caused forest fires deserves further investigation.
Considering the above-mentioned issues, our overall aim was to model lightning-caused fire occurrences using remote sensing-derived NDWI values in 21 natural subregions in the Canadian province of Alberta ( Figure 1 ). We established three steps while executing our goal. First, we calculated the median NDWI value over each subregion at an eight-day time-scale for the 2005-2016 period. Second, we created a unique NDWI profile for each subregion using calculated value averages from the first step of the calibration dataset, i.e., 2005-2012. Finally, we modeled lightning-caused fires by plotting the observed fires onto the outcomes of previous steps in the calibration dataset, followed by validation using an independent dataset during the 2013-2016 period. 
Study Area and Data Requirements
We considered the province of Alberta (between [49] [50] [51] [52] [53] [54] [55] [56] [57] [58] [59] [60] • N latitude and 110-120 • W longitude) in the central-west region of Canada. The province is categorized as subarctic, humid continental climate, semi-arid, and tundra region based on Köppen climate classification [28] , with an annual mean temperature and precipitation variation from −7.1 to 6 • C, and 260 to 1710 mm [29] , respectively. Topographically, the region is variable, i.e., ranging from 150 to 3650 m above mean sea level. In terms of vegetation coverage, the province exhibits primarily boreal forest composed of deciduous and coniferous tress, grasslands, parklands, etc. [29] . On the basis of climate, topography, geology, and vegetation, the province was divided into 21 natural subregions (see Figure 1 for In this study, we used three different types of datasets: (i) Terra Moderate Resolution Imaging Spectroradiometer (MODIS)-derived eight-day composites of surface reflectance; (ii) ground-based historical lightning-caused fire occurrences, which had the approximate latitude and longitude information for every fire point of initiation; and (iii) geographic information system (GIS)-based layers. Table 2 provides a brief description of these datasets. Figure 2 shows a schematic diagram of the method applied in this study, which consisted of three components: (i) the preprocessing of lightning-caused fire occurrences; (ii) the preprocessing of the satellite data; and (iii) model development and validation. Each of these components is briefly described in the following subsections.
Methods
3. Methods Figure 2 shows a schematic diagram of the method applied in this study, which consisted of three components: (i) the preprocessing of lightning-caused fire occurrences; (ii) the preprocessing of the satellite data; and (iii) model development and validation. Each of these components is briefly described in the following subsections. 
Preprocessing of Lightning-Caused Fire Occurrences
In this phase, we first converted the dates of fire occurrences into the day of year (i.e., DOY: ranging from 1 to 365/366 based on normal/leap year). We then transformed the calculated DOY values into a set number of eight-day periods using Equation 1 [20] , where such conversion would align the timing of the lightning-caused fire occurrence with the employed remote sensing-derived index (i.e., NDWI).
where P is the period in which each fire occurrence is recorded. In this study, the P varied from one to 46 for each year when rounded to integer values. Upon transforming these datasets, we clipped both the calibration and validation fire datasets by the Alberta natural subregion GIS layer to get the subregion-specific fire occurrences. Finally, we calculated the relative frequency of fire occurrences for each year during the 2005-2016 period.
Preprocessing Satellite Data
Upon downloading the eight-day composites of surface reflectance images, we extracted the bands centered at 0.860 μm, i.e., the near-infrared (NIR) wavelength, and 2.130 μm, i.e., the shortwave-infrared (SWIR) wavelength, which were later used to calculate the annul time series of NDWI images using Equation 2. Although it would be possible to use other shortwave infrared spectral bands, we opted to use the 2.130-μm wavelength in this study. This was because it agreed 
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Preprocessing Satellite Data
Upon downloading the eight-day composites of surface reflectance images, we extracted the bands centered at 0.860 µm, i.e., the near-infrared (NIR) wavelength, and 2.130 µm, i.e., the shortwave-infrared (SWIR) wavelength, which were later used to calculate the annul time series of NDWI images using Equation (2). Although it would be possible to use other shortwave infrared spectral bands, we opted to use the 2.130-µm wavelength in this study. This was because it agreed with the 'snow disappearance' timing at the beginning of the fire/growing season over the same study area [20] .
where ρ is surface reflectance value for NIR and SWIR spectral bands. Upon generating the NDWI images for the study area, we split the annul time series of NDWI images using the Alberta natural subregion GIS layer that facilitated the study of NDWI at a subregion level. Finally, we divided these datasets into two groups: (i) a 2005-2012 dataset for model development; and (ii) a 2013-2016 dataset for model validation.
Model Development and Validation
In this phase, we assumed that the annual NDWI time series over each subregion depicts a distinct pattern similar to other literature reports [20] . According to this assumption, the NDWI value remains almost constant at its maximum values during the winter time, and then starts to drastically decrease at the onset of the spring until it reaches a minimum annual value known as the snow disappearance time period (see panel b in Figure 2) . Then, the NDWI value begins to increase gradually due to progress in the growing season until it reaches its maximum value at the peak of the growing season. Then, the NDWI experiences a moderate decrease until snowfall commences, after which the NDWI increases and continues until the end of the year.
In order to evaluate the above-mentioned assumption, we calculated the subregion-specific median NDWI values at eight-day intervals for each year during the 2005-2012 period over the selected six natural subregions of interest. We used median NDWI values that would be unaffected either because of their very small or extremely large values [30] . Then, we calculated the subregion-specific patterns by averaging the NDWI values at each eight-day time-period, and plotted them-along with the relative frequencies of the lightning-caused fires that occurred during the same time period-over the six natural subregions of interest individually. Based on these patterns, we determined the subregion-specific start date for lightning-caused fire seasons using median NDWI values. We observed a temporal pattern in lightning-caused fire occurrences within the eight-day time period during the growing season in the six natural subregions individually. However, these patterns were highly variable from one year to another. Therefore, we used the concept of cumulative frequency values for the variables of interest, which has been widely applied in the remote sensing literature [31] [32] [33] [34] [35] . In this case, we calculated the cumulative frequency (i.e., by summing up the extracted/calculated values at eight-day intervals) for both the lightning-caused fires and NDWI values. The results showed that in all six natural subregions, >98% of lightning-caused fires commenced with the snow disappearing date (i.e., start of the fire season) until the next snowfall. Furthermore,~90% of lightning-caused fires occurred during the period from the snow disappearing date until the growing season's peak. Consequently, we established the relationship between these two cumulative frequencies for the six natural subregions individually during the entire growing season.
Upon obtaining the subregion-specific relationships, we evaluated their performances using an independent validation dataset (see Table 2 for details). We modeled the cumulative frequency of lightning-caused fire occurrences using cumulative median NDWI values in every year during the validation phase, i.e., 2013-2016, by employing the obtained subregion-specific function as illustrated in the last paragraph. In order to assess the model's accuracy, we used linear regression analysis and root mean square error. Figure 3 shows the subregion-specific eight-day median values of NDWI dynamics for every year during the 2005-2012 period. We found that the annual patterns were similar for all the subregions compared throughout the years. Due to these similarities, we calculated an average annual pattern of the eight-day NDWI values for the six natural subregions of interest individually. Based on these patterns, we identified the critical stages: (i) winter time, when the mean NDWI values were the highest in that given year; (ii) the onset of spring, when the mean NDWI values began to fall; (iii) the snow disappearance date, when the median's annual minimum for NDWI values occurred; (iv) the growing season, when the median NDWI values had a symmetrical hump and there were clearly less values than in the winter time; (v) the peak of the growing season, where median NDWI values reached their maximum during the fire season; (vi) the commencement of snowfall, when the median NDWI values had another minimum after the growing season, but not as low as its annual minimum at the onset of spring; and (vii) the fall season, when NDWI values increased again. Figure 4 shows the subregion-specific lightning-caused fires' relative frequency distribution (i.e., at eight-day time-period during the 2005-2012 period), and the annual profile of median NDWI, as described in the previous subsection. We noticed that very little fire (i.e., less than 2%) occurred before the snow disappearance stage. Figure 4 shows the subregion-specific lightning-caused fires' relative frequency distribution (i.e., at eight-day time-period during the 2005-2012 period), and the annual profile of median NDWI, as described in the previous subsection. We noticed that very little fire (i.e., less than 2%) occurred before the snow disappearance stage. 
Results
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Model Development and Validation
During the model development phase, we plotted the cumulative values of median NDWI and lightning-caused fire frequency against DOY, over the six natural subregions individually, during the entire growing season spanning between snow disappearing in the spring and snowfall in the autumn, as shown in Figure 5 . It revealed that both of the cumulative values of median NDWI and lightning-caused fire frequencies behaved similarly with some variations from one subregion to another. Due to having such distinct patterns, we then applied polynomial regression analysis to define the relationships amongst them ( Figure 6 ). Our analysis showed that strong relationships (i.e., R 2 values in the range 0.98 to 0.99 over the subregions) existed between the variables of interest. 
During the model development phase, we plotted the cumulative values of median NDWI and lightning-caused fire frequency against DOY, over the six natural subregions individually, during the entire growing season spanning between snow disappearing in the spring and snowfall in the autumn, as shown in Figure 5 . It revealed that both of the cumulative values of median NDWI and lightning-caused fire frequencies behaved similarly with some variations from one subregion to another. Due to having such distinct patterns, we then applied polynomial regression analysis to define the relationships amongst them ( Figure 6 ). Our analysis showed that strong relationships (i.e., R 2 values in the range 0.98 to 0.99 over the subregions) existed between the variables of interest. During the model validation phase, we employed the relations shown in Figure 6 in an independent validation dataset that was available and collected during the 2013-2016 period, as shown in Figure 7 . The analysis demonstrated the relations between the observed and modeled cumulative frequencies of lightning-caused fires over the three natural subregions of 'Central During the model validation phase, we employed the relations shown in Figure 6 in an independent validation dataset that was available and collected during the 2013-2016 period, as shown in Figure 7 . The analysis demonstrated the relations between the observed and modeled cumulative frequencies of lightning-caused fires over the three natural subregions of 'Central During the model validation phase, we employed the relations shown in Figure 6 in an independent validation dataset that was available and collected during the 2013-2016 period, as shown in Figure 7 . The analysis demonstrated the relations between the observed and modeled cumulative frequencies of lightning-caused fires over the three natural subregions of 'Central Mixedwood', 'Lower Boreal Highlands', and 'Lower Foothills'. The remaining three subregions did not experience significant amounts of lightning-caused fires, and thus we were unable to use them for validation purposes. We found that strong relationships existed over all the three subregions of interest. For example: the R 2 , slope, and intercept values were in the ranges of: (i) 0.95 to 0.98, 0.87 to 1.24, and −0.21 to 0.11, respectively, for Central Mixedwood; (ii) 0.93 to 0.97, 0.86 to 1.14, and −0.15 to 0.09, respectively, for Lower Boreal Highlands; and (iii) 0.92 to 0.98, 0.79 to 1.09, and −0.11 to 0.15, respectively, for Lower Foothills.
Mixedwood', 'Lower Boreal Highlands', and 'Lower Foothills'. The remaining three subregions did not experience significant amounts of lightning-caused fires, and thus we were unable to use them for validation purposes. We found that strong relationships existed over all the three subregions of interest. For example: the R 2 , slope, and intercept values were in the ranges of: (i) 0.95 to 0.98, 0.87 to 1.24, and -0.21 to 0.11, respectively, for Central Mixedwood; (ii) 0.93 to 0.97, 0.86 to 1.14, and -0.15 to 0.09, respectively, for Lower Boreal Highlands; and (iii) 0.92 to 0.98, 0.79 to 1.09, and -0.11 to 0.15, respectively, for Lower Foothills. Figure 3 shows that the annual NDWI profiles for each subregion depicted a specific pattern in the context of several key stages, e.g., snow disappearance date, peak of growing season, and commencement of snowfall. In fact, our observed patterns were similar to those reported by other studies. For example, (i) Sekhon et al. [20] studied the NDWI profile to determine the snow disappearance stage over the Central Mixedwood subregion in Alberta, Canada during the 2006-2008 period; (ii) Delbart et al. [21] employed NDWI changes for detecting vegetation phenology over the broadleaf forest area in Central Siberia during the 1999-2000 period; (iii) Sekhon et al. [22] analyzed the NDWI profile to define the date of coniferous needle flushing (CNF) occurrence in boreal forested areas in Alberta, Canada during the 2006-2008 period; and (iv) Qi et al. [36] considered NDWI changes when monitoring the live fuel moisture in northern Utah, USA during the 2010-2011 period. Although each subregion showed a unique pattern in this study, the timing of each critical stage differed slightly from one subregion to another one. Furthermore, differences in the magnitude of NDWI values were observed among subregions. Such differences might be related to the growth stages and conditions of forest that would highly depend on the abiotic (e.g., temperature, soil water content, and nutrients in the soil in particular) and biotic (e.g., interspecies and intraspecies competitions, and demand for species-specific optimal growth, etc.) conditions [36] [37] [38] , which would potentially differ from one subregion to another.
Discussion
As shown in Figure 4 , most of the lightning-caused fires (i.e., >98%) in all of the natural subregions happened during the growing season (i.e., from snow disappearance date in spring to the start of snowfall in autumn). The reason for such a trend might be related to the extensive availability of fuels, and the occurrence of the lightning storms as a fire ignition source in the region [7, 39, 40] . Even though we observed that a significant proportion of the fires took place during the growing season, we also observed a small amount of fires (i.e., <2%) before the growing season started, which could be related to dead branches, peat, or duff beneath the trees that remained from the previous year, and were initially ignited by lightning strikes in late winter [41] [42] [43] . In addition, after the snow disappeared, we observed that the number of lightning-caused fires increased to a great extent, along with a rise in the periodical NDWI values as the growing/fire season progressed. In fact, we found that at least 92% of the lightning-caused fires in all the six natural subregions occurred between the time of snow disappearance and around the peak of the growing season (i.e., late July to early August). Note that Tymstra et al. [44] also reported similar findings, i.e., lightning-caused fires contributed to >90% of the total burn area in Alberta during the months of June through August, over the 1961-2002 period. Once snow melts, plants start to grow in the spring, and require a significant amount of water from soil. However, their roots are not yet active and warm enough to absorb enough water from soil, causing water stress for plants, and rendering plants/forests more flammable [36, 45] . As the growing season progresses, the air temperature evapotranspiration increases. However, the water deficit (if it takes place) may not support such evapotranspiration demands, which enhance fuel's flammability [46, 47] . At the end of the peak of the growing season, all six natural subregions experienced much less lightning-caused fires, which could be related to both the understory and overstory being fully developed by the peak of the growing season, thereby reducing fuel flammability [44] . In addition, the weather-in particular temperature regimes-plays an important role in influencing the vegetation phenology [22] [23] [24] . For example, we observed that temperatures start to increase in the spring, and this trend continues until it reaches a peak during the growing season (see Figure 6 as an example). Then, temperatures commence a downward trend that continues until autumn. Of note, both the vegetation index (e.g., enhanced vegetation index: EVI calculated using blue, red, and near-infrared wavelengths) and NDWI values exhibit decreasing trends due to the temperature drop after the peak is achieved during the growing season (Figure 8) . This is the case as plants sense autumn approaching. During this temperature decline phase, before approaching autumn, plants have enough moisture/water content, which was initially transferred from the soil to the plants during the first part of the growing season.
Such moisture/water content in plants might explain why the number of lightning-caused fires were less compared to the period from the snow disappearance date to the peak of the growing season [44] .
lightning-caused fires were less compared to the period from the snow disappearance date to the peak of the growing season [44] . Figure 8 . Annual NDWI and EVI profiles along with surface temperature at the eight-day temporal resolution over two natural subregions (i.e., Central Mixedwood and Lower Boreal Highlands) in our study area during 2008.
Our findings regarding the relationship between observed and modeled lightning-caused fires are promising. However, to the best of our knowledge, our study is the first of its kind, and therefore, comparative analysis of our data with previously published findings was not possible. The results showed that the concept of using cumulative frequency to model lightning-caused fire occurrences was a good approach, which was described in the literature. For example, Bhuyan et al. [31] found a strong and positive interannual association between annual tree-ring growth and cumulative NDVI, at 69 study sites across the world, during the 2001-2010 period. Swain et al. [32] found the R 2 values were in the range of 0.60 to 0.98 between cumulative NDVI and cumulative surface temperature in different farms during the growing seasons of 2002 and 2007 in Nebraska. Cihlar et al. [35] found a high correlation (i.e., R 2 = 0.92) between cumulative NDVI and cumulative actual evapotranspiration at a 15-day time scale over Canada during the 1986 growing season. During model development and validation, we observed some variability associated with the observed R 2 , slope, and intercept values among the subregions. These variations might be related to one or more of the following reasons. (i) The existing differences in subregion-specific landscape properties, in particular those related to climate, geology, topography, and vegetation [29] , could affect the spatial and temporal patterns of lightning strikes [9] . (ii) It is known that the randomness of lightning strike locations highly depends on atmospheric conditions [11, 12] . (iii) The local weather condition right after the lightning strikes in each natural subregion would influence the lightning-caused fire ignition and its distribution on a subregion level [6] . Nonetheless, our results Our findings regarding the relationship between observed and modeled lightning-caused fires are promising. However, to the best of our knowledge, our study is the first of its kind, and therefore, comparative analysis of our data with previously published findings was not possible. The results showed that the concept of using cumulative frequency to model lightning-caused fire occurrences was a good approach, which was described in the literature. For example, Bhuyan et al. [31] found a strong and positive interannual association between annual tree-ring growth and cumulative NDVI, at 69 study sites across the world, during the 2001-2010 period. Swain et al. [32] found the R 2 values were in the range of 0.60 to 0.98 between cumulative NDVI and cumulative surface temperature in different farms during the growing seasons of 2002 and 2007 in Nebraska. Cihlar et al. [35] found a high correlation (i.e., R 2 = 0.92) between cumulative NDVI and cumulative actual evapotranspiration at a 15-day time scale over Canada during the 1986 growing season. During model development and validation, we observed some variability associated with the observed R 2 , slope, and intercept values among the subregions. These variations might be related to one or more of the following reasons. (i) The existing differences in subregion-specific landscape properties, in particular those related to climate, geology, topography, and vegetation [29] , could affect the spatial and temporal patterns of lightning strikes [9] . (ii) It is known that the randomness of lightning strike locations highly depends on atmospheric conditions [11, 12] . (iii) The local weather condition right after the lightning strikes in each natural subregion would influence the lightning-caused fire ignition and its distribution on a subregion level [6] . Nonetheless, our results agree with the notion that lightning-caused fire occurrences depend of the fuel/vegetation moisture content to a great extent [13, 48] .
Despite our findings demonstrating strong relations between observed and modeled lightning-caused fires, other factors are worth investigating for potential further advancements. These include: (i) the incorporation of topographical elements (i.e., elevation, slope, and aspect); (ii) the integration of other sources of ignition, i.e., human-caused fires; (iii) the incorporation of weather variables (i.e., relative humidity and precipitation, among others); and (iv) the assimilation of other remote sensing-based forest fire forecasting systems that have been previously developed (e.g., [10, [49] [50] [51] ), where enhancing the spatial resolution (i.e., from 500 m to 250 m) would be critical.
Conclusions
In the scope of this paper, we proposed a simple yet effective protocol for modeling lightning-caused fire occurrences using MODIS-derived eight-day composites of NDWI, which is an indicator of vegetation/fuel moisture conditions. We implemented the developed protocol over the forested regions at the natural subregion-level in the Canadian province of Alberta. While developing the model, we plotted the cumulative frequencies of median NDWI values (i.e., approximately between 0-12) and lightning-caused fires (i.e., between 0-1) from the snow disappearance stage to the start of snowfall in autumn, i.e., the entire growing season, at the natural subregion level during the 2005-2012 period. In this case, we found strong relationships (i.e., 0.98 ≤ R 2 ≤ 0.99) between the variables of interest in all the six natural subregions. Upon obtaining the above relationships, we applied them in modeling the lightning-caused fire cumulative frequencies, which were evaluated against ground-based information at the natural subregion level during the 2013-2016 period. In this case, our analysis demonstrated strong relationships (i.e., 0.92 ≤ R 2 ≤ 0.98) between the observed and modeled cumulative frequencies of lightning-caused fires. Overall, our proposed method was able to model lightning-caused fire occurrences using a single remote sensing-based vegetation/fuel-related variable, and demonstrated a good performance in both the calibration and validation phases. Finally, our developed method can effectively enhance forest fire management activities, because having knowledge about the critical time period of lightning-caused fires and the corresponding vegetation stages would give fire managers a better opportunity to mobilize forest fire suppression resources to reduce damages. Despite our method exhibiting excellent performance, we strongly recommend that it be evaluated before being applied to other ecoregions in Canada or elsewhere in the world.
